We set out to determine whether machine learning-based algorithms that included functionally validated pharmacogenomic biomarkers joined with clinical measures could predict selective serotonin reuptake inhibitor (SSRI) remission/response in patients with major depressive disorder (MDD). We studied 1,030 white outpatients with MDD treated with citalopram/escitalopram in the Mayo Clinic Pharmacogenomics Research Network Antidepressant Medication Pharmacogenomic Study (PGRN-AMPS; n = 398), Sequenced Treatment Alternatives to Relieve Depression (STAR*D; n = 467), and International SSRI Pharmacogenomics Consortium (ISPC; n = 165) trials. A genomewide association study for PGRN-AMPS plasma metabolites associated with SSRI response (serotonin) and baseline MDD severity (kynurenine) identified single nucleotide polymorphisms (SNPs) in DEFB1, ERICH3, AHR, and TSPAN5 that we tested as predictors. Supervised machine-learning methods trained using SNPs and total baseline depression scores predicted remission and response at 8 weeks with area under the receiver operating curve (AUC) > 0.7 (P < 0.04) in PGRN-AMPS patients, with comparable prediction accuracies > 69% (P ≤ 0.07) in STAR*D and ISPC. These results demonstrate that machine learning can achieve accurate and, importantly, replicable prediction of SSRI therapy response using total baseline depression severity combined with pharmacogenomic biomarkers.
to identify patients with MDD who are most likely to respond to SSRI antidepressants before starting treatment (or soon after treatment initiation) would represent a significant therapeutic advance.
Statistical/machine-learning approaches have demonstrated that predictions obtained using clinical and sociodemographic factors can yield predictive performances for SSRI response (area under the receiver operating curve (AUC) of 0.54-0.67) that are significantly better than chance. [3] [4] [5] [6] However, social and demographic factors alone have proven insufficient to individualize therapeutic decisions for depressed patients. The reason is that MDD is a heterogeneous disease (i.e., depression symptoms, such as sleep, mood, and appetite) and treatment outcomes vary greatly among patients, and social and demographic factors are often not consistently associated with either disease severity or outcomes. 7 A limitation acknowledged by the authors of prior reports is the lack of inclusion of biological factors associated with depression severity or therapeutic response to antidepressants in the prediction models. [3] [4] [5] 8 To address this limitation, recent machinelearning approaches have used genomics and/or metabolomics data to predict SSRI response, with AUC values of 0.68-0.78. [8] [9] [10] Although the studies demonstrated the feasibility of integrating biological factors with machine learning to achieve improved prediction performance, they were limited by lack of replication across multiple trials and multiple depression rating scales, in addition to lack of significance from a pharmacogenomics perspective. [8] [9] [10] [11] In the present study, we used a machine-learning workflow (depicted schematically in Figure 1 ) to study the capabilities of Figure 1 The two-stage analysis workflow. Our analysis workflow proceeded in two stages. In stage 1, we identified depressive symptom severity clusters in the Mayo Clinic Pharmacogenomics Research Network Antidepressant Medication Pharmacogenomic Study (PGRN-AMPS) dataset, separately for men and women, using a data-driven approach (stage 1A); we then validated those clusters using data from Sequenced Treatment Alternatives to Relieve Depression (STAR*D) and International SSRI Pharmacogenomics Consortium (ISPC; stage 1B). Factors that differentiated the validated depressive symptom clusters were identified in stage 1C. In stage 2, predictive models were developed using PGRN-AMPS data and were externally validated using STAR*D and ISPC data. HDRS, Hamilton Depression Rating Scale; QIDS-C, Quick Inventory of Depressive Symptomatology; SMOTE, Synthetic Minority Oversampling Technique.
functionally validated single nucleotide polymorphisms (SNPs) associated with SSRI pharmacodynamics, combined with clinical data, to predict SSRI response. For this study, we (i) algorithmically grouped (clustered) patients with MDD in the Mayo Clinic Pharmacogenomics Research Network Antidepressant Medication Pharmacogenomic Study (PGRN-AMPS) trial, using an unsupervised learning approach; (ii) predicted remission/response to citalopram/escitalopram treatment using supervised machine-learning methods that considered clinical and pharmacogenomic data from the PGRN-AMPS trial as predictor variables; and (iii) externally validated these patient clusters and statistical/machine-learning models using data from the Sequenced Treatment Alternatives to Relieve Depression (STAR*D 12 ) and the International SSRI Pharmacogenomics Consortium (ISPC 13 ) datasets. These analyses are sex-stratified, given the established evidence of sex differences in the prevalence of depression and increasing evidence of sex differences in antidepressant response. 11, [14] [15] [16] [17] [18] [19] [20] [21] The pharmacogenomic biomarkers included in the present study are six SNPs in or near the TSPAN5 (rs10516436), ERICH3 (rs696692), DEFB1 (rs5743467, rs2741130, and rs2702877), and AHR (rs17137566) genes. Each of these SNPs were the "top" SNP in its respective genomewide association study (GWAS) SNP signal, except that for DEFB1, we included the "top" SNP as well as two others in different haplotype blocks. The GWAS had used as phenotypes plasma serotonin and kynurenine concentrations assayed in PGRN-AMPS samples. 22, 23 Of the plasma metabolites assayed in those patients, serotonin and kynurenine concentrations were the most highly associated with SSRI outcomes at 8 weeks 22 or with baseline depressive symptom severity-one of the most important predictors of eventual antidepressant treatment response. 23 The application of a research strategy that involved the use of metabolomics to "guide" genomics represented a step toward the inclusion of biological data (i.e., metabolite concentrations associated with outcomes), in an effort to move beyond the traditional rating scales used in psychiatry (e.g., the Hamilton Depression Rating Scale (HDRS) and the Quick Inventory of Depressive Symptomatology (QIDS-C)). Subsequent functional genomic studies showed that knockdown of both TSPAN5 and ERICH3 in neuronally derived cell lines resulted in decreased serotonin in the cell culture media, and that alterations in the expression of both DEFB1 and AHR could influence kynurenine biosynthesis as well as the effects of mediators of inflammation, 9,10 a process that has been shown to play an important role in MDD pathophysiology. [24] [25] [26] 
RESULTS

Total depressive symptom severity clusters
We first observed that the distribution of total depression severity scores (Figure 2a ) comprised multiple Gaussian distributions (Figure 2b) . Our unsupervised learning approach inferred subgroups of patients (clusters) based on which Gaussian distribution their score belonged to, and algorithmically identified three distinct clusters for both men and women (P < 1.3E-09; the significance level for the test is 0.05/3, because we are comparing differences between 3 distributions at each time point) in PGRN-AMPS based on their total depression scores at each time point. The distribution of scores representing each of the three clusters at baseline (A1, A2, and A3), after 4 weeks (B1, B2, and B3), and 8 weeks (C1, C2, and C3) of SSRI treatment is illustrated in Figure 3 . For the cluster assignments (shown in Figure 3 ), the letters (e.g., A, B, and C) represent the treatment time points, and the numeric suffix at each time point represents the level of depression severity, with "3" being the most severely depressed subjects, "1" being mild depression, and "2" being moderate levels of depression.
Because treatment outcomes are defined after 8 weeks of SSRI treatment (see Methods), we were interested in how the clusters might relate to standard definitions of treatment outcomes (e.g., remission or response). In both men and women, C1 included all patients who achieved remission (i.e., their HDRS or QIDS-C total scores were ≤7 or ≤5, respectively). Eighty-seven percent of patients in C2 achieved response (the remaining patients were nonresponders), defined as a decrease in either the HDRS or QIDS-C total score of at least 50% but without achieving remission. Multivariate clustering on individual depressive item scores for both scales did not yield three clusters at 8 weeks that conformed to accepted definitions of response or remission ( Figure S1 ).
After we applied the same unsupervised learning approach to the STAR*D (QIDS-C-measured severity) and ISPC (HDRSmeasured severity) datasets, three clusters of men and women were again identified at all time points. These clusters did not differ statistically (P > 0.1) from those inferred in PGRN-AMPS, Baseline QIDS C score Probability density providing external validation. As observed in PGRN-AMPS, the 8-week clusters (C1, C2, and C3) identified in STAR*D and ISPC conformed to accepted clinical definitions of remission, response (without remission), and nonresponse, respectively, for both depression rating scales. These externally validated clusters allowed us to identify associations of depression severity with the clinical and demographic factors listed in Table S1 .
Association of clinical and demographic factors, cytochrome P450 2C19 metabolizer phenotypes, and plasma drug levels with severity-based clusters For citalopram-treated or escitalopram-treated PGRN-AMPS patients across different drug dosages after 4 and 8 weeks of treatment, and across all three clusters for both men and women at any time point (P > 0.1, Figures S2-S4 ), there were no significant 
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differences in the distributions of any of the clinical or demographic factors listed in Table S1 , in drug dosing, or in plasma drug levels. Given the lack of associations of clinical/demographic factors or cytochrome P450 (CYP)2C19 metabolizer phenotypes with depression severity clusters at baseline or at 8 weeks, we focused on testing the capability of pharmacogenomic SNP biomarkers combined with baseline depression severity to predict remission (i.e., patients found in cluster C1 at 8 weeks) or response, regardless of the baseline cluster in which they began treatment. We trained prediction models stratified by sex for each rating scale.
Response/remission prediction performance
Prediction performance using only sociodemographic factors.
In our prior work, 9 the accuracy (percent of correctly predicted outcomes) and AUC when only depression severity (QIDS-C or HDRS) scores, together with social and demographic factors, were used as predictors and were 48-55% and 0.54-0.67%, respectively. We later compared those results with the prediction performances of classifiers that used both baseline depression severity and pharmacogenomic SNP data.
Training performance using PGRN-AMPS data. In PGRN-AMPS (for which we used nested cross-validation to train the prediction models), baseline depression severity combined with pharmacogenomic biomarkers predicted sex-specific response and remission status with accuracies of 73-88% (P ≤ 0.01; AUC 0.7-0.9) and 71-86% (P ≤ 0.04; AUC 0.75-0.9), respectively ( Table 1 ; the ranges represent results for both sexes). When the CYP2C19 metabolizer phenotype was included as a predictor variable, the prediction accuracies were reduced by ≥4% for remission and response in both sexes and both scales (P > 0.3).
Top predictor variables during training. We next evaluated the contribution of each of the SNP biomarkers and baseline HDRS and QIDS-C scores to the prediction accuracy of the algorithm. As shown in Figure 4 , for outcomes defined using HDRS, the top predictor for remission for both women and men was baseline depression severity, followed by the DEFB1_2 (rs2741130) and DEFB1_1 (rs5743467) SNPs-biomarkers identified during our GWAS for plasma kynurenine concentrations. The top SNPs for response for men were the TSPAN5 SNPs, which was the top hit in our GWAS for plasma serotonin concentration, followed by the DEFB1_1 and DEFB1_2 SNPs. For response in women, the top predictor was the DEFB1_1 SNP, followed by baseline depression severity and the DEFB1_2 SNP. Figure S5 shows comparable contributions of predictors when QIDS-C rather than HDRS was used to define remission and response. When QIDS-C was used, DEFB1_1, DEFB1_2, and total depression severity were consistently among the top predictors of either outcome, just as with HDRS.
External validation using STAR*D and ISPC data. The classifier trained using PGRN-AMPS baseline depression severity and SNP data predicted response and remission, as defined by the QIDS-C scores, in STAR*D patients with accuracies for men of: 66%, women: 66% (P ≤ 0.06) and men: 75%, women: 65% (P ≤ 0.07), respectively ( Table 1) . The classifier trained using PGRN-AMPS baseline depression severity and SNP data predicted response and remission, as defined by HDRS scores, in ISPC patients with accuracies for men of: 77%, women: 75% (P ≤ 0.07) and men: 77%, women: 74% (P ≤ 0.07), respectively ( Table 1) .
DISCUSSION Improved predictions and mechanistic significance
We have shown that robust prediction of citalopram/ escitalopram treatment outcomes can be achieved in depressed patients by using machine-learning approaches that integrate baseline depression severity with functionally validated pharmacogenomic SNP biomarkers. The AUC of 0.70 or higher achieved in this work represents an advance over our prior work, in which we used sociodemographic and clinical factors as predictor variables in a machine-learning algorithm applied to PGRN-AMPS data that resulted in an AUC of 0.54. 27 The prediction of antidepressive response must account for multiple interactions among biological, psychological, and environmental factors. Because of the phenotypic complexity of antidepressive response, others have defined an AUC of 0.70 or higher as being clinically meaningful-that is, sufficiently accurate to guide clinical decision making. 5 Crucially, we demonstrated crosstrial replication of prediction performance across rating scales in both STAR*D (QIDS-C scale) and ISPC (HDRS scale) trials with precision similar to that observed in training with PGRN-AMPS data. This work also represents an advance over traditional pharmacogenetic candidate gene approaches that identify plausible genes and SNPs associated with outcomes. [28] [29] [30] [31] [32] [33] [34] We achieved that advance by asking whether the application of machine-learning approaches that combine clinical assessments with a group of functionally validated pharmacogenomic SNPs as predictor variables might make it possible to predict SSRI treatment outcomes. Taken as a whole, our findings represent an important step toward the goal of algorithmically determining whether SSRIs are likely to be effective in patients with MDD prior to treatment initiation.
The pharmacogenomic biomarkers used in this study, namely SNPs in the DEFB1, AHR, TSPAN5, and ERICH3 genes, were chosen based on the important roles of these genes in serotonin or kynurenine biosynthesis or in inflammation-mechanisms that are known to be associated with MDD disease risk and/or antidepressant response. 9, 10 As noted earlier, prior experimental work showed that knockdown of the expression of both TSPAN5 and ERICH3 in neuronally derived cell lines resulted in decreased serotonin release into the culture media. 9 The DEFB1 gene encodes a protein expressed in gastrointestinal mucosa that can inactivate lipopolysaccharides and, in turn, inhibit both inflammation and the biosynthesis of kynurenine, which is enhanced by inflammatory mediators. 10 The facts that the DEFB1 SNPs figured so prominently and that this gene encodes a gut mucosal protein that can inactivate both lipopolysaccharides and gut bacteria highlight the potential importance of the rapidly evolving concept of a gut-brain axis. The identification of these "top hit" SNPs during GWAS was performed for quantitative biological traits (i.e., metabolite concentrations), rather than measures of MDD clinical symptom severity (i.e., HDRS or QIDS-C), as our use of phenotypes represented a conscious attempt to move our analyses toward the biological underpinning of SSRI response. Because another of our goals involved cross-trial replication, we focused on pharmacogenomic SNP biomarkers in our predictive model because DNA data were more widely available across datasets than were other "omics" data. Furthermore, unlike metabolomics data, DNA sequences are stable and are less susceptible to variation related to environmental exposures or specimen handling and processing.
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We acknowledge that the SNPs included in our study are not the only SNPs that might contribute to the predictability of antidepressant outcomes with this type of computational approach. Future investigation with methodological innovations will make it possible to screen a large number of SNPs across the human genome that may be more highly predictive of SSRI treatment outcomes than those used in this initial effort. Our results (as described in this work) from using pharmacodynamic biomarkers are promising because they suggest that, if similar approaches to derivation of biomarkers to study clinical responses are used with other antidepressants (such as serotonin-norepinephrine reuptake inhibitors or esketamine), subsequent studies using machinelearning approaches like ours may lead to the development of drugspecific or of drug-agnostic (regardless of antidepressant subtype) predictive models that could guide treatment selection.
Clinical implications of patient clustering
The following are the clinical implications of the patient clusters inferred in this work.
Toward clinically actionable modeling of longitudinal effects of antidepressants. In practice, clinicians' ability to forecast eventual antidepressant treatment outcomes rests on their ability to factor baseline depression severity and subsequent changes in symptoms at intermediate time points, before a therapeutic trial is complete. To study the longitudinal effects of antidepressants, the patient clusters inferred in this work served as nodes of a probabilistic graph that made it possible to capture the longitudinal variation of depression symptoms over time, conditioned on baseline characteristics and changes in those characteristics at intermediate time points-a process that we have referred to as "symptom dynamics." 27 Therefore, replication of the cluster patterns at baseline and at 4 weeks is just as important as the replication of clinically valid clusters at 8 weeks. Understanding the symptom dynamics within Relative importance in prediction Biological associations with depression severity. Our clustering approach can also be used to iteratively investigate the effects of multiple biological measures (e.g., metabolomics and genomics), individually and in groups, for predicting antidepressant response. Systematic studies using a variety of biological measures and other antidepressants may lead to improved understanding of the underlying neurobiology of antidepressant response and an enhanced ability to match individual patients with MDD with specific antidepressants based on their biological profiles.
Sex differences
When antidepressants are being chosen, potential sex differences in the underlying biology of antidepressant response are often overlooked. It is clear that sex represents an important risk factor for MDD, with virtually all studies reporting twice as many affected women as men. 15 Although sex has been reported to influence response to antidepressants in some studies, 11, 17, 21, 36, 37 prior machine-learning approaches using sociodemographic factors as predictors did not identify sex as a robust predictor of remission. 4 The sex-specific differences in some top predictors of treatment outcomes in our study (see Figures 4 and S5) , and in recent targeted metabolomics-based antidepressant prediction studies, 9, 11 suggest that sex-specific biological mechanisms may play an important role in antidepressant response.
CYP2C19 metabolizer phenotype and depression severity clusters
Our observation that the CYP2C19 metabolizer phenotype was not significantly associated with citalopram/escitalopram treatment outcomes or depression severity clusters is similar to findings from previous research. Although functional CYP2C19 allele variants are associated with citalopram/escitalopram metabolism and some drug side effects, 38 the impact of CYP P450 genotypes, including CYP2C19, on therapeutic outcomes has been less clear. 39 Some studies in depressed patients have found a significant association between the CYP2C19 genotype and treatment response to citalopram or escitalopram, 40, 41 whereas other studies have failed to demonstrate such an association. 42, 43 There are similar inconsistencies in the results of studies attempting to link serum concentrations of antidepressants, including citalopram, with antidepressant response. 44, 45 The lack of improved predictability of treatment outcomes through use of the CYP2C19 genotype does not mean that pharmacokinetic mechanisms and the CYP2C19 genotype are not clinically relevant. That is especially true with respect to adverse responses, such as dose-dependent risk for corrected QT interval prolongation with citalopram. 39 
Methodological considerations in clustering patients
We focused on the use of total depression scale scores rather than individual depression scale items for three reasons. First, total depression scores at baseline were the most robust predictor of clinical outcomes in prior machine-learning studies. 4 Second, total depression scores have been widely used to define nonresponse, response, and remission in clinical trials. 46 Finally, we showed in this work that multivariate clustering approaches that use individual depression item scores did not yield clustering patterns at 8 weeks that conformed to accepted definitions of response or remission ( Figure S1 ). The lack of associations between social/demographic factors and any of the depressive symptom severity clusters also agrees with prior work demonstrating that social/demographic factors individually or in aggregate cannot accurately predict antidepressant treatment outcomes. 4, 6, 47, 48 Predictive pharmacogenomic biomarkers for stratified randomization of clinical trials Our results have potential implications for the design of future antidepressant trials. The predictive biomarkers in this study were pharmacodynamic in nature and are linked to important mechanisms underlying MDD risk and/or antidepressant response. If our results are replicated and extended to other antidepressants, these biomarkers may serve as genetic factors that may be used to screen out (exclude) patients on the basis of a high predicted likelihood of treatment failure. Alternatively, this information could be used to stratify clinical trial participants into categories with higher and lower risk of treatment failure prior to randomization. If so, randomization to treatment condition would be conducted within each risk group (i.e., there would be stratified randomization), 49 thus ensuring an optimum balance in outcome prognoses between treatment groups.
LIMITATIONS
The patient samples studied comprised white subjects, which reduced confounding by race but limits the generalizability of the predictions. We had no direct measures of socioeconomic status and comorbid anxiety, factors associated with poorer response to antidepressants. 48, 50 Because we included complete cases, we cannot exclude the possibility of confounding by patients who dropped out. Although the improvement in outcome predictions was replicated across clinical trials of citalopram/escitalopram, this work has not been replicated for other antidepressants. Finally, patients were not excluded on the basis of body mass index or comorbid general medical conditions that might have influenced the interaction between drug treatment and genomic profile.
CONCLUSIONS
In summary, this study demonstrates that statistical/machinelearning approaches that integrate baseline depression severity with functionally validated pharmacogenomic SNP biomarkers can be used to enhance our ability to predict antidepressant drug response phenotypes during short-term treatment. The patient clusters inferred and replicated across trials and depression rating scales could lead to better understanding of the underlying pathophysiology of MDD. Extension of this work to additional antidepressants may have the potential to increase the precision of antidepressant drug selection for individual patients and may serve as a platform for the use of antidepressant drugs as molecular probes to identify underlying mechanisms of disease and molecular subsets of MDD, a disease that is currently defined by symptoms rather than biological mechanisms. 52 Clinical and demographic variables from the PGRN-AMPS dataset used in the analyses (Table S1 ) were assessed at baseline using standardized questionnaires.
METHODS
Data from the initial phase of the STAR*D trial (NCT 00021528) 12 and ISPC 13 were used to externally validate the depressive symptom response subgroups inferred in the PGRN-AMPS subjects, and the prediction models trained using PGRN-AMPS's data. The initial phase of STAR*D was a 12-week clinical trial of citalopram for adults with MDD conducted in the United States from June 2001 to April 2004. Subjects were recruited from primary-care and specialty-care settings. ISPC comprised seven member sites that contributed data from seven clinical trials of SSRIs for depression carried out in North America, Europe, and Asia to examine genetic factors driving variation in clinical response to SSRIs. 13 Details of STAR*D's study procedures and a description of each contributing study in ISPC have been published previously, 12, 13, 53, 54 and are described in Section S1.
The PGRN-AMPS study protocol was approved by the Institutional Review Board at Mayo Clinic. All study sites included in the ISPC analy ses were approved for participation in the ISPC consortium by their local institutional review boards. The University of Texas Southwestern Medical Center (Dallas, TX), the institutional review boards at each clinical site, and the Data Coordinating Center and the Data Safety and Monitoring Board of the National Institute of Mental Health approved and monitored the study protocol. Finally, all PGRN-AMPS, STAR*D, and ISPC participants provided written informed consent before study entry.
For the present analyses, we utilized data from 398 (men: 144, women: 254) white citalopram-treated PGRN-AMPS subjects, 467 (men: 182, women: 285) white citalopram-treated STAR*D subjects, and 165 (men: 62, women: 103) white citalopram/escitalopramtreated ISPC subjects who had genotype and complete clinical data (no missing values) at baseline and at 4 and 8 weeks. All PGRN-AMPS and ISPC subjects also had CYP2C19 metabolizer genotype data at baseline, and plasma drug levels at 4 and 8 weeks. Details of genotyping and GWAS of the PGRN-AMPS, STAR*D, and ISPC subjects have been previously published. 22, 23, 51 Clinical outcomes In all three trials, treatment outcomes were established using the clinician-rated version of the 16-item QIDS-C 55 or the 17-item HDRS. 56 Remission was defined as a QIDS-C score ≤ 5 55 (HDRS score ≤ 7 56 ) at 4 or 8 weeks. Response was defined as a ≥50% reduction in QIDS-C or HDRS total score from baseline to either 4 or 8 weeks. Across the three datasets, 60-66% of subjects were classified as responders, and 37-50% as remitters, at 8 weeks.
Analysis workflow
Sex-stratified analyses. Given several prior research efforts that identified sex differences in MDD prevalence and biological factors related to antidepressant treatment outcomes, [14] [15] [16] [17] [18] [19] [20] [21] 57 all analyses in this work were stratified by sex. This allowed us to study sex-specific contributions of pharmacogenomic SNPs to prediction of SSRI response.
Analysis overview. A sequence of the application of an unsupervised machine-learning approach (because clustering is an inferential task) followed by supervised learning (to predict SSRI treatment outcome) comprised a machine-learning workflow (illustrated in Figure 1 ) that is described next; additional details of the implementation are in Section S2.
Stage 1
Aim. Identify depressive symptom severity clusters in PGRN-AMPS (stage 1A), replicate the cluster patterns using STAR*D and ISPC data (stage 1B), and identify sociodemographic factors associated with clusters (stage 1C).
Approach. Unsupervised learning was used to identify clusters of patients based on total QIDS-C and HDRS scores at baseline, 4 weeks, and 8 weeks. The overall distribution of QIDS-C and HDRS total scores comprised multiple normal distributions (Figure 2 ). Mixture-modelbased unsupervised learning 27 with Gaussian mixture models was used to algorithmically identify the minimum number of Gaussians that best approximated the actual distribution of depressive symptom severity in PGRN-AMPS patients at each time point. 9, 27 The use of the Gaussian mixture model clustering approach was further justified by the unsuitability of longitudinal clustering/trajectory techniques, 58 given the eventual goal of associating biological measures with depression severity during discrete treatment time points.
To validate the clustering approach developed in stage 1A, we used STAR*D (for QIDS-C) and ISPC (for HDRS) datasets in stage 1B to investigate, using Kolmogorov-Smirnov tests, whether the distributions of depression severity were the same in the three independent datasets.
In stage 1C, Kolmogorov-Smirnov (continuous data) and two-way χ 2 (categorical data) tests were used to identify clinical and sociodemographic factors (listed in Table S1 ) associated with the depression severity clusters at all time points in all three datasets. Any associated clinical/ sociodemographic factors were then combined with pharmacogenomic SNPs to predict treatment outcomes in stage 2.
Stage 2
Aim. Predict antidepressant remission/response using pharmacogenomic biomarkers and baseline depression severity.
Approach. We trained random forests (i.e., the randomForest R library) using PGRN-AMPS's baseline depression severity and pharmacogenomics data (represented as numerical genotypes 22, 23, 51 ) to predict remission/response, and we then externally validated the trained prediction model using STAR*D and ISPC data (see Figure 1) . Because clinical/sociodemographic factors, the CY2C19 phenotype, and plasma drug levels were not associated with the baseline or 4-week clusters, we assessed the predictive capability of the pharmacogenomic biomarkers when augmented only with baseline depression severity, not with stratification by baseline depression severity clusters.
Random forests were used because of their mathematical ability to handle discrete (e.g., with numerical genotypes), correlated predictor variables, which has demonstrated robust predictive capabilities in several clinical applications, 59 including psychiatric disorders. 60 Details of the 10-fold cross-validation with five repeats to minimize the effects of overfit and information leak, along with prediction performance statistics, are provided in Section S2.
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